The waveforms of microseismicity signals released during rock failure are recorded using a microseismicity monitoring system.
a b s t r a c t
Microseismicity signals released during rock failure process are firstly recorded using microseismicity monitoring system. A wavelet transform scheme is then developed on the basis of the discrete wavelet transform and implemented into MATLAB to study the energy distribution characteristics of the monitored microseismicity signals. The wavelet transform scheme decomposes the recorded microseismicity signals into various wavelets at seven scales and eight frequency bands. The microseismicity energy at each frequency band is then calculated by integrating the wavelets in each scale. It is found that, for the microseismicity signals recorded during the uniaxial loading of the granite, the microseismicity energies are mainly distributed between the bands 7.8125e15.625 kHz, 15.625 e31.250 kHz and 31.25e62.5 kHz and the percentages of the released energies at these frequency bands are 8.24%, 62.72%, 28.08% of the total energies, respectively. The results reveal that the microseismicity energies at these levels are directly related to the damage mechanisms of the granite although further studies are need to identify the failure modes.
Then these monitored signals were processed using wavelet transformation to find out the frequency distribution rule and the frequency band energy varying rule of the acoustic emission (AE) signals during the different rock damage and failure stages. The rock failure mechanism was interpreted from the perspective of the relationship between AE signal frequency change and crack propagation. The frequency band energy distribution histograms of the microseismicity signals at different damage stages were computed and drawn
Introduction
When a rock specimen is loaded, the applied mechanical energy is transferred into strain energy stored in the rock. If the applied load is big enough, the rock may fail and the strain energy may be dissipated in the forms of fracture energy, surface energy, kinetic energy, etc. Thus, the deformation and fracture process of the rock under loading is actually the energy transformation process. Correspondingly, more and more researchers have been attracted to study the rock engineering problems from the energy point of view. During the rock failure process, part of the accumulated strain energy may be released as a seismic wave, which is the so-called acoustic emission (AE). There is considerable research reported in literatures on AE released during rock fracture and the corresponding AE signal processing (Baddari et al., 2011; Cai et al., 2007; Lockner, 1993) . Researchers applied various methods to retrieve accurate moment tensors based on the joint inversion of a family of AE events for their moment tensors and for the sensor amplifications including coupling effects between sensors and specimens (Baddari et al., 2011) . The results show more and more accuracy and efficiency. However most of the studies were conducted by loading granite samples in compression. As the granite samples were compressed to failure, the recorded AE pulses served as indicators of latent rock damage. The damage evolution of the granite is associated with the growth of microcracks from stress concentrators such as voids, inclusions and grain contacts, which results in both inelastic strain and AE. The AE signals are then recorded to provide the information of the size, location and deformation mechanisms of the AE events as well as the properties (e.g., velocity, attenuation and scattering) of the medium through which the AE wave has traveled. (Chorney et al., 2014; Davis et al., 2013; Ding et al., 2004; Guo et al., 2014; Hryciw et al., 2015; Jeong and Jang, 2000; Kwiatek et al., 2014; Ni and Iwamoto, 2002; Prawin and Rao, 2015; Qi et al., 1997; Zou et al., 2015) . There are two main methods for collecting and processing acoustic emission signals: (1) extracting and simplifying the characteristic parameters of acoustic emission signals, and analyzing and processing the acoustic emission using parametric analysis method; (2) collecting the acoustic emission signal waveform and directly analyzing the waveform using time-frequency analysis. In recent years, classical spectrum analysis based on Fast Fourier Transform (FFT) and modern spectrum analysis method represented by wavelet analysis have been applied in the field of acoustic emission of rock and concrete, and many progresses have been achieved (Antonaci et al., 2012; Karimi et al., 2015) .
Signal processing is based on spectral analysis by means of the Discrete Fourier Transform (DFT), which is the primary tool of digital acoustic signal processing. A FFT algorithm was used for computing the DFT with reduced execution time using MATLAB. AE signals were recorded with a sampling frequency of 2.5 Â 10 3 kHz and the number of points to evaluate the FFT was set to 15 Â 10 3 . The obtained frequency spectrum range is between 0 and 1250 kHz. A simple procedure has been adopted in signal filtering by cutting the frequencies below 80 kHz and above 800 kHz to eliminate spurious signal frequencies. This frequency range corresponds to the maximum sensitivity range of the wide-band AE transducers (Antonaci et al., 2012) .
However, there is no mature wavelet transform method till this moment for identifying and analyzing AE signals released by rock fracture, especially their energy distribution characteristics, although more and more microseismicity monitoring systems are nowadays installed for daily safety monitoring of various rock engineering applications such as slope stabilities (Amiri et al., 2015; Kalenchuk et al., 2014; Lynch et al., 2005; Rao et al., 2004; Vafaei and Adnan, 2014; Xu et al., 2011) , excavation-induced rockbursts (Lesniak and Isakow, 2009; Tang et al., 2011) , and oil and gas exploration fields (Basu et al., 2014) . The identification and analysis of the rock fracture-induced wavelet directly affect the efficiency and accuracy of the microseismicity monitoring system. In many rock engineering practices, the installed microseismicity monitoring system can't automatically identify valid event log but rely on time-consuming and much less efficient manual processing of onsite engineers. The microseismic waveforms observed in rock engineering are complex and contain multiple confounding factors, which may be easily ignored, mishandled, or not timely analyzed if the manual processing method is relied on. Thus, it becomes more and more important to develop a wavelet transform method to accurately and effectively process the waveforms recorded by the microseismic monitoring system in rock engineering. The AE signals recorded during laboratory rock failure tests are similar to the microseismicity logged by the microseismicity monitoring system in rock engineering applications (Kalenchuk et al., 2014; Rao et al., 2004) . Thus, the effective and accurate analysis of the AE signals recorded in laboratory should contribute to the identification of failure events in the waveforms logged by the microseismicity monitoring system.
Although the application of acoustic emission has become more and more popular, and great progresses have been achieved in the development and application acoustic emission monitoring equipment, there are still many problems to be solved in order to apply the acoustic emission to predict and forecast rock engineering instability, especially real-time monitoring and early warning. For example, due to the lack of the reliable criterion of damage precursors and related theoretical basis, the success rate of monitoring and forecasting rock engineering instability is usually low, and the effectiveness of the forecasting is often questioned. Therefore, from the perspective of the application of the acoustic emission technology in the real-time monitoring and early warning, the research on the acoustic emission characteristics during the rock failure progressive process will help to reveal the correlation between the monitored main acoustic emission parameters during the different failure stages, further understand the rock failure mechanism and put forward reasonable and effective damage precursor criteria. In this paper, the characteristics of the acoustic emission during the failure progressive process of rocks under uniaxial loading are firstly monitored. They are then analyzed through a series of the wavelet transforms to extract the acoustic emission frequency band energies during the different rock damage and failure stages. After that, the variation laws are derived for the changes of the frequency distribution and the frequency band energy ratio of the acoustic emission with the loading time, which provides a valuable basis for systematic exploration of the rock mass stability monitoring and early warning using the acoustic emission.
In the following, the uniaxial compression strength test of a granite is first conducted to generate real AE signals, which are then recorded using an AE monitoring system. After that, a new wavelet analysis method is developed and implemented into MATLAB for the frequency band and energy characteristics analysis of AE signals. Finally, the proposed wavelet analysis method is applied to analyze the AE signals recorded during the uniaxial loading of the granite extracting characteristic parameters, evaluating magnitude spectrum ratios, and determining energy ratios.
2.
Wavelet analysis method for energy characteristics of AE signals 2.1.
AE signal monitoring experiments
In order to obtain real AE signals for subsequent wavelet analyses, a granite is uniaxially loaded till failure in the laboratory and the released AE signals associated with the failure process of the granite are recorded using an AE monitoring system, as shown in Fig. 1 . The granite is (Bieniauski and Bernede, 1979) . The AE signals released during the loading process were acquired in real time using a multi-channel, high-speed AE monitoring system, namely hyperion ultrasonic system (HUS) manufactured by ESG in Canada, as shown in Fig. 1 . The HUS consists of AE sensors, preamplifiers, processing instrumentation, and AE software. Through the AE sensors, the AE signals were then converted into electrical signals. After that, the electrical signals were amplified by a preamplifier and converted into a digital data stream in an acoustic emission channel board (AECB). Finally, the AE features such as arrival times, rise times, duration, peak amplitude, energy and counts were extracted by a field programmable gate array (FPGA). Nano 30 sensors are adopted, whose frequency range is 125e750 kHz. The trigger threshold of the sensors is set to 100 mV, the preamplifier gain is set to 40 dB, the rear amplifier gain is 20 dB, and the sampling frequency is set to 10 MHz. Fig. 2 presents the relationship between the accumulative AE events and the loading stress. Fig. 3 depicts a typical example of the AE signals collected in real time by the eight AE sensors of the AE monitoring system during the uniaxial loading of the granite. The collected AE signals will be analyzed using a wavelet analysis method developed later in this study, which will be introduced in detail in Section 3. The recorded AE signals can be further analyzed to determine the hypocenters of the AE events. However, before locating the AE events, the AE signals must be filtered to remove noise signals and gain accurate arrival time of the P-wave. The Geiger positional algorithm is then used to calculate the position and occurring time of the recorded AE events according to the difference of the AE sensors' coordinate and the P-wave arrival time since it is much more accurate compared with other algorithms.
Discrete wavelet transform method
AE is attributed to the rapid release of the strain energy accumulated in the granite during loading. Thus, the energy content of the AE signal must be related to this energy release, too. The true energy of the AE signal is directly proportional to the area under the AE waveform (Miller and McIntire, 1987; Pollock, 1989) . Correspondingly, the total energy of the AE signal can be obtained by integrating the square of the record AE signal (Duan and Zhu, 2000; Hu, 2006; Zhou et al., 2005) , as shown in Eq. (1).
where x 2 0 ðtÞ is the recorded AE signal. According to the multiresolution analysis, any AE signal can be decomposed using the discrete wavelet transform at the J levels, and the J þ 1 frequency bands can be obtained. After the decomposition, the AE signal x 0 ðtÞ can be expressed as the sum of detail signals at each level and large-scale approximate signals (Sang, 2012; Yang and Yu, 2012) , as shown in Eq. (2).
where x a J ðtÞ is the reconstructed signal of the low frequency component after the discrete wavelet transform at the j times, and P J j¼1 x d j ðtÞ is the reconstructed signal of the high frequency component after the discrete wavelet transform at the J times.
Combining Eq. (1) with Eq. (2), Eq. (3) is obtained as follow.
According to the orthogonality properties of the wavelet and scaling functions, the latter two items of Eq. (3) should be equal to zero (Cui, 1995; Hu et al., 1999) . Hence, Eq. (3) can be rewritten as Eq. (4) in the following.
Eq. (4) states that the energy of the AE signal is equal to the sum of the energy of the detail signals at each level and the energy of approximate signals at the large-scale. In practice, since the recorded AE signals are temporal series at discrete times, the energy of the detailed signals at the large-scale can be written as Eq. (5).
where Dt is the sample interval of the AE signal. Similarly, the energy of the approximate signal at each level can be written as Eq. (6). Fig. 2 e Relationship between accumulative AE events and stress of integral rock samples.
At each frequency band, the AE energy can be calculated using Eq. (6). The calculated AE energies at the J þ 1 frequency bands form a vector [E 1 , E 2 , $$$, E J ], which can be used to analyze the energy characteristics of the AE signals more reasonably compared with that before the discrete wavelet transform. This is because that the induced damage may suppress or enhanced the AE energy at some frequency bands when the AE signal is input into a system as excitation. In other words, the AE energy at some frequency bands may be suppressed while that at others may be enhanced. Correspondingly, there is a big difference between the energies calculated before and after the occurrence of the damage, i.e., the damage increases the relative energy of the signal at some frequency bands while it decreases the relative energy of the signal at other frequency bands. Thus, the energy of the signal at the decomposed frequency bands includes rich information of material damage and the change of the energy at a certain frequency band or a few frequency bands reflects the damage status of the material.
Moreover, according to (Wu et al., 2008) , the ratio of the waveform energy at each frequency band E a J to the original waveform energy E can be defined as the energy spectrum coefficients in Eq. (7).
Eq. (7) represents the distribution of the signal's energy at different frequency bands. Different information which a signal contains will lead to different distribution of the signal's energy at different frequency bands. As for the AE signals, the different information of the AE signals reveal the different AE sources. Thus, the energy spectrum coefficients can be used to identify the different AE sources.
3.
New application of the discrete wavelet transform method in analyzing energy characteristics of AE signals
As introduced above, a number of AE signals are recorded during the uniaxial loading of the granite using the real-time AE monitoring system. The recorded AE signals are then analyzed using the discrete wavelet transform developed inhouse in Section 2.2. The Meyer wavelet is chosen as the wavelet basis for the discrete wavelet transform due to its fast convergence on frequency domain, regularity, localization in time domain, and the most importantly infinite differentiation. The frequency range of the Meyer mother wavelet is [1/3, 4/3] Hz. Thus, for a sampling interval, Dt, the frequency range which the wavelet transform can denote is [1/3, 4/3]/(aDt) at any scale a, and the frequency bands at adjacent scales may overlap with each other. Because the energy of the Meyer wavelet is mainly concentrated in the centre of the frequency bands, and attenuated quickly from the centre of the frequency Fig. 4 e Decomposition of the typical AE signal (Fig. 3 (a) ) at seven scales using the proposed wavelet transform. band to the two boundaries. Correspondingly, the overlap of frequency bands at adjacent scale has little influence on the calculated energy since the overlap area is small and the mis-calculated energy is small, too. Thus, the intersection point of the frequency bands at the adjacent scales is taken as the boundary of the frequency bands of the Meyer wavelet. Table 1 summarizes the frequency ranges of each frequency band at each scale.
In the following, a typical AE signal, i.e., the AE event No. 1332, recorded during the uniaxial loading of the granite will be decomposed at 7 scales using the new wavelet transform method developed in Section 2.2, i.e., the scale of the signal is discretised using 2, a ¼ 2 j and the obtained actual frequency ranges corresponding to each scale are summarized into Table 1 . The AE signal before the wavelet analysis is depicted in Fig. 3(a) . During the analysis, the AE waveforms are firstly loaded into MATLAB workspace. MATLAB is selected since it not only provides a quite versatile wavelet toolbox with numerous options but also offers the opportunity of programming and creating routines and codes for any application. After all AE waveforms are loaded in MATLAB, the discrete wavelet transform (DWT) is then applied for each signal, which decomposes the original AE signal into wavelets at various levels. Each level represents a certain frequency band and the sum of the wavelets at all levels reconstructs the original AE signal, as shown in Fig. 3(b) . The decomposition process is in fact a repetitive procedure of filtering the AE signal with specially designed band-pass filters. The advantages of the discrete wavelet transform are that the inversion of the transform is quite accurate and full reconstruction of the original signal is feasible, as shown in Fig. 3(c) . 
a7). (b) Detailed signal (d7). (c) Detailed signal (d6). (d) Detailed signal (d5). (e) Detailed signal (d4). (f) Detailed signal (d3). (g) Detailed signal (d2). (h) Detailed signal (d1).
Fig . 4 depicts the Meyer wavelet decomposition of the original AE signal at seven levels. A discussion at this point may rise concerning the optimum wavelet to be used for a certain application and the optimum number of the decomposition levels since they are user-defined parameters in the proposed wavelet analysis method. As a matter fact, the proper wavelet type to be used has not been answered so far in a quantitative and explicit manner and no rules have been set to determine the superiority of one wavelet over another. One must comprehend quite well the properties and characteristics of the different wavelets, and have a profound knowledge of their differences and experiences to deal with a certain type of signals. As for the optimum number of levels, there are certain mathematical criteria called entropy criteria that can be used to determine if a decomposition is sufficient or more levels are needed. For a single AE signal, it is easy to check and define the optimum number of levels. However, in the case of a large number of AE signals, the entropy criteria are not easy to be applied as it is not obligatory that all waveforms must be decomposed at the same number of levels. In this study, after systematic trials, the number of levels was set to seven as it was evident that less were insufficient and more were redundant. As far as the type of wavelet is concerned, the Meyer wavelet was a very good compromise between the smooth function without sharp edges and the convenience of creating numerically the db wavelets of higher order.
Figs. 5 and 6 depict the distributions of the AE energy in the time domain and the frequency domain, respectively, at each of the seven decomposition scales. It is obvious that the AE signals are filtered through the different frequency bands at the different decomposition scales. The approximation scale, i.e., a7, has the lowest frequency band while the frequency increases from d7 to d1, i.e., from the approximate scale to the detail scale. The AE energy of the decomposed wavelet at each frequency band is calculated and plotted in Fig. 7 , where the xaxis represents the waveforms as received in time (so it is a measure of time) and the y-axis represents the percentage of the AE energy at the scale as compared with the total energy of the AE signal. It is evident from Fig. 7 that the greatest percentage of energy is gathered in three scales, namely detail d6 (b3), detail d5 (b4), and detail d4 (b5). These scales could be directly related to the damage mechanisms of the material as long as they carry more than 95% of the total signal energy and additionally they are characterized by different frequency bands. Then, the frequencies between 0 and 500 kHz are divided into eight equally spaced band and the AE energy in each band and its ratio in the total AE energy are calculated, which is listed in Table 1 . It was found that, for the recorded AE signal, most energy lies in frequencies less than 62.5 kHz while almost no energy lies above 125 kHz. For the AE signals analyzed, energies are mainly distributed between the bands 7.8125e15.625 kHz (b3), 15.625e31.25 kHz (b4) and 31.25e62.5 kHz (b5). The b4 frequency band are the dominant one in the three frequency bands. Though, at this stage, it is not feasible to directly relate the energy levels to the damage mechanisms, it is believed that the energy content information obtained by the wavelet analysis is crucial for the identification of failure modes of the materials.
Moreover, it is found that the energy released due to the microcracking of the rock is mainly distributed in the frequency band in which the main rock fracture is located. For the granite tested in this study, the released energy from the microcracking was concentrated in the d5 frequency band. The percentage of the released energy is 62.72% of the total energy in the d5 frequency band. The percentage of the released energy is 28.08% and 8.24% of the total energy in the d4 and d6 frequency bands respectively. In the other frequency band, the percentage of the released energy is nearly zero. The main frequency band of the AE signals can be regarded as the characteristics of frequency band which can reflect the distribution characters of the AE energy.
Finally, it is noted that the sum of the AE energy in each frequency band after the wavelet transform is equal to the AE energy of the original AE signals. For the typical AE signal analyzed here, the sum of the AE energy at each frequency band decomposed using the proposed wavelet transform is 0.865597 m statistical characteristics of the energy distribution of the AE signals can be obtained for each type of rock, which can be used to guide the application of the AE technology in monitoring the stability of rock engineering structures in the field of geotechnical and mining engineering. Similarly, the acoustic emission signals recorded during different loading stages are analyzed according to the methods presented above, and the frequency band energy distribution characteristics of the acoustic emission signals during different loading stages are obtained, as shown in Fig. 8 . Fig. 9 shows the statistics of the variation trend of the dominant frequency band energy in the percentage during the loading test. It can be seen from Fig. 8 that the proportion of the energy in the dominant frequency band tends to increase with the load increasing. Similar to those conducted by the authors in a literature (Lai et al., 2014) , the frequency band energy distribution of the acoustic emission signals and the variation law of the energy percentage of the (1) The acoustic emission energy at each failure stage is concentrated in the frequency bands d4-d6, while the energy at other frequency bands is extremely few and decays rapidly with the diffusion of the crack. (2) In the initial compaction stage (Fig. 8(a) and (b) ), the energy at the d4-d6 decomposition scale, i.e., b3-b5 frequency bands is higher than that at the elastic deformation stage. The reason is that due to the preexisting micropores and defects, the rock is gradually compacted under the action of external force, which makes the internal microstructure change and produce the lower frequency acoustic emission signals. At the elastic deformation stage, the internal grain dislocation and micro-cracks gradually increase, which is why the higher frequency acoustic emission signal dominates (Fig. 8(c) and (d)).
(3) At the plastic deformation stage, the macroscopic crack increases rapidly due to the continuous crack propagation, which creates new surfaces in the material, and is accompanied by high amplitude, long wavelength and low frequency elastic vibrations. In view of this, low-frequency acoustic emission signal is produced with the load increasing and the gradually increasing crack propagation results in the migration of the acoustic emissions to those at the lower frequency. As shown in Fig. 8(e) , (h), the energy at the d4-d6 decomposition scale, i.e., b3-b5 frequency bands dominates till the coalescence of the macroscopic cracks resulting in the rock failure, which reveals that the failure mechanism is dominated by the microscopical crack propagation while new microcracks are seldom initiated. (4) The energy proportion of the low frequency band increases but that of the dominant frequency band reduces. When the energy proportion of the dominant frequency band reaches a certain threshold (i.e., 50% or more), a critical point is reached between the internal crack propagation and the failure of rock. Moreover, according to the existing experimental results, a comprehensive analysis of the parameters, such as the acoustic emission counting rate and the acoustic emission event energy, shows that when the energy proportion of the dominant frequency band reaches 50% (or more), the main rupture has occurred and the larger macroscopic cracks have appeared inside the specimen. For different types of rocks, the threshold of the low frequency band energy ratio marking the main rupture should be different, which can be obtained by statistical analysis based on the tests of a large number of samples. (5) The rock samples used in this experiment is intact granite. If the loading condition changes, no significant difference is found for the dominant frequency of the acoustic emission signals. Under the same loading conditions, the dominant frequency of the acoustic emission signals for different rocks increases with the increase of the rock strength. Therefore, although the characteristics of the acoustic emission frequency band and the corresponding energy summarized in this study are universal, the rock strength and actual loading conditions still need to be taken into account to determine the frequency band division and the critical point of the low frequency energy ratio in the specific application.
Besides, the time and frequency energy distribution of the acoustic emission signals is analyzed using the time-varying power spectrum method proposed in a literature (Kang et al., 2010) . Fig. 10 illustrates the time-frequency energy distribution of a typical acoustic emission signal and Fig. 11 shows a contour plot of the time-varying power spectrum estimation of the acoustic emission signal with logarithmic coordinates on the vertical axis. This reflects the timefrequency energy distribution characteristics of the acoustic emission signals from another perspective. Based on the relationship between energy and time-frequency, the international journals, many of which were indexed by SCI/EI, and presided over more than 10 national, provincial and ministerial level projects. Her specialties include rock failure process analysis and structural damage identification.
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